Preoperative magnetic resonance imaging (MRI), functional MRI, diffusion tensor MRI, magnetic resonance spectroscopy, and positron-emission tomographic scans may be aligned to intraoperative MRI to enhance visualization and navigation during image-guided neurosurgery. However, several effects (both machine-and patientinduced distortions) lead to significant geometric distortion of intraoperative MRI. Therefore, a precise alignment of these image modalities requires correction of the geometric distortion. We propose and evaluate a novel method to compensate for the geometric distortion of intraoperative 0.5-T MRI in image-guided neurosurgery.
in achieving gross tumor resection (9, 29) . Because functional magnetic resonance imaging (fMRI) of tactile, motor, and language tasks is feasible in patients with cerebral tumors (21) , several groups have recently proposed integration of functional data into neuronavigation systems (16) . Diffusion tensor imaging (DTI) provides information about normal tumor course, displacement or interruption of white matter tracts around the tumor, and fiber-bundle widening that results from edema or tumor. Consequently, efforts have been made in the last years to combine DTI with neurosurgical navigation systems (24, 34) . Therefore, the goal of advanced image-guided neurosurgery systems is to accurately align the preoperatively acquired images (fMRI and DTI) with the images obtained intraoperatively during tumor resection (1) .
Important geometric distortions often occur in MRI that lead to pixel shifts in the acquired images (21, 35) . Several reports describe the importance of these variations, which can be several millimeters in certain areas of the field of view and thus hinder the precise localization of anatomic structures (32) .
MRI geometric distortion is caused by artifacts that violate the assumptions of spatial encoding in MRI. These artifacts can be categorized into those characteristic of the imaging hardware and those resulting from patient characteristics. The sources of machine-induced magnetic resonance geometric distortion includes static field inhomogeneity, gradient field nonlinearity, and the presence of eddy currents caused by gradient switching. The distortions induced by gradient nonlinearity and main magnetic field nonuniformity are independent of the patient's position within the scanner. These can be corrected independent of other machine-induced distortions. Sources of patient-induced geometric distortion include magnetic susceptibility effects, chemical shift, and flow.
The vendors of clinical MRI systems often provide software for gradient distortion correction. However, recent studies have estimated the residual gradient distortions (6, 25, 36, 37) and have shown that significant distortions are present even after the gradient distortion correction software is applied. Methods for correcting machine-induced geometric distortion are presented by Doran et al. (11) , Langlois et al. (17) , and Wang et al. (36, 37) . The correction of geometric distortion in stereotactic MRI for neurosurgery (10, 20, 38) and bilateral subthalamic stimulation in Parkinson's disease (19) have also been investigated.
Geometric distortion is also commonly encountered when intraoperative MRI scanners are used. For instance, Petersch et al. (24) report maximum distortions of 28 mm (mean, 2.2 mm) that were measured within the field of view in the frequency-encode direction. However, individuals receiving MRIguided therapies would also benefit from correction of patientinduced geometric distortion. To the best of our knowledge, there is no proposed method that can compensate for these distortions during clinical interventions.
In this report, we measure the distortion between preoperative and intraoperative images. We also present a novel technique based on a nonrigid registration scheme to reduce the geometric distortion in a 0.5-T open magnet in the context of iMRI-guided neurosurgery. This technique compensates for both machine-and patient-induced distortions. We describe the technical aspects of our method, its implementation, and its validation. We show that this novel method enables accurate alignment of preoperative datasets to intraoperative images and thus provides neurosurgeons with enhanced information during tumor resection.
PATIENTS AND METHODS
Eleven consecutive patients (6 women, 5 men; age range, 28-62 yr; mean, 45.2 yr) with supratentorial gliomas (World Health Organization Grade II, 5 patients; Grade III, 4 patients; Grade IV, 2 patients) were included in our study. All patients underwent surgery at our institution's intraoperative MRI-guided therapy facility between April 2005 and January 2006 for tumors in and adjacent to eloquent brain areas (such as the precentral gyrus and corticospinal tract for motor function and Broca's and Wernicke's areas for language function). For these patients, fMRI and DTI were used for preoperative surgical planning. The study was performed with Institutional Review Board approval and all patients provided informed consent.
Preoperative Imaging
Each patient provided informed consent, and the following preoperative MRI protocol was followed several days before surgery was scheduled to occur. We used a 3-T Signa (General Electric, Milwaukee, WI) scanner.
Anatomic Imaging
We first obtained whole-brain sagittal three-dimensional spoiled, gradient-recalled images in steady state (slice thickness, 1.3 mm; TE/TR, 6/35 ms; flip angle, 75 degrees; field of view [FOV], 24 cm; matrix, 256 ϫ 256). Subsequently, we obtained axial T2-weighted fastspin-echo images (slice thickness, 5 mm; TE/TR, 100/3000 ms; FOV, 22 cm; matrix, 512 ϫ 512).
Functional Magnetic Resonance Imaging
Whole-brain functional images were acquired with a T2*-weighted, echo-planar sequence that was sensitive to the blood oxygen leveldependent signal (TR, 2000 ms; TE, 30 ms; matrix, 64 ϫ 64 ϫ 6 mm; FOV, 240 mm; imaging, 24 contiguous slices of 5-mm thickness).
Diffusion Tensor Imaging
Axial line-scan diffusion images (slice thickness, 5 mm; matrix, 512 ϫ 512; FOV, 24 cm) and echo-planar DTI (matrix, 128 ϫ 128; phase FOV, 1.0; FOV, 25.6; slice thickness, 3; B value, 800; directions, 31; number of T2, 1) were acquired to cover the entire region of interest as well as "landmark" regions, i.e., areas where the relevant fiber tracts showed high density (e.g., ventral brainstem for the corticospinal tract and lateral geniculate body for the optic radiation).
Magnetic Resonance Spectroscopy
For three patients, we also performed magnetic resonance spectroscopy from the tumor.
Intraoperative Imaging
After the patients were positioned for craniotomy and their heads were fixed using a magnetic resonance-compatible carbon fiber Mayfield clamp (Ohio Medical Instruments, Cincinnati, OH), imaging was performed using the following protocol in the vertically open 0.5-T iMRI unit (SignaSP; General Electric Medical Systems) with the following parameters. For transverse, sagittal, and coronal T1-weighted, fast spin-echo imaging, the repetition time/echo time (both in milliseconds) was 700/29; FOV, 22 cm; matrix, 256 ϫ 256; number of signals acquired, 1; section thickness, 3 mm; and intersection gap, 1 mm. For transverse, T2-weighted, fast-spin echo imaging, the repetition time/echo time (both in milliseconds) was 5000/99, FOV, 22 cm; matrix, 256 ϫ 256; number of signals acquired, 2; section thickness, 3 mm; and intersection gap, 1 mm. For transverse, threedimensional, spoiled gradient-echo imaging, the repetition time/echo time (both in milliseconds) was 15.5/5.2; flip angle, 45 degrees; FOV, 22 cm; matrix, 256 ϫ 256; number of signals acquired, 1; section thickness, 2.5 mm; and intersection gap, 0 mm.
Data Processing
Our intraoperative visualization system of multimodal images uses T1-gradient echo (spoiled-gradient echo) sequences to estimate the deformation field that results from brain shift and geometric distortion. We focused our study on the T1-spoiled-gradient echo images. Geometric distortion is present on intraoperative imaging as compared with preoperative 3-T MRI scans ( Fig. 1) . Accurate alignment of preoperative and intraoperative images requires an algorithm to compensate for the geometric distortion. The geometry of intraoperative images is changed to match the preoperative images. We address this by using a nonrigid registration scheme that was first introduced by our group (8) to compensate for brain shift. This registration scheme uses image features to establish correspondence between images. As used here, it estimates a smooth geometric distortion compensation field by regularizing the displacements estimated at the correspondences. A patient-specific linear elastic material model is used to achieve the regularization. The algorithm can be decomposed into three primary parts.
For Part 1, after the preoperative images have been acquired, the patient-specific model is built using image segmentation and mesh generation. Image segmentation is the delineation of structures in the intraoperative data using segmentation strategies that are optimized for the particular type of acquisition. This approach combines the benefits of anatomic information, statistical classification, and elastic matching to achieve results superior to those obtained by any single method alone. Recently, we have also successfully used a method based on a deformable model, which evolves to the brain's surface by the application of a set of locally adaptive model forces (31) . For mesh generation, the tetrahedral discretization (volume mesh) of the segmented intracranial cavity provides the basis for a finite-element method of modeling the physical tissue deformation and serves the function of regularizing of the estimated displacements that were obtained from the blockmatching step of nonrigid registration. The technique used for tetrahedral mesh generation is described by Fedorov et al. (12) . It uses implicit representation of the object as input and produces an adaptive tetrahedral mesh specifically suited for applications that exhibit high deformation. An example of a tetrahedral mesh and its corresponding brain segmentation are presented in Figure 2 .
From these, a patient-specific model is obtained of the brain material using an incompressible linear elastic constitutive equation.
Part 2 of the algorithm, which is performed intraoperatively, is the block-matching computation for a set of selected blocks on images. This step estimates a set of displacements across the volume.
Part 3 of the algorithm is an iterative hybrid solver that estimates the three-dimensional volumetric deformation field induced by geometric distortion of intraoperative imaging. In this step, the patient-specific model is used to regularize the distortion-compensation field as described in detail by Clatz et al. (8) .
Nonrigid registration algorithms are typically computationally expensive, and parallel computing may be used to accelerate the computation to reduce the computation time to clinically acceptable levels. We have investigated the use of symmetric multiprocessor, cluster, and grid computing hardware to provide accelerated computation (7) . Modern hardware enables rapid and effective solution of the system of equations that arises in this approach to geometric distortion.
Geometric Distortion Measurement
The Canny edge detector is commonly used in computer vision to locate sharp intensity changes and find object boundaries in an image (5) . The Canny edge detector removes the weak edges using a hysteresis threshold. We used it to extract brain edges from the MRI scans as shown in Figure 1A . The edges are distinguished and represented as a set of points. 
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The Hausdorff metric is a common mathematical measure for comparing two sets of points in terms of their least-similar members. Formally, given two finite point sets:
A The 95% Hausdorff distance is measured between the points on the edges extracted from the two images (the pre-and intraoperative images) with a Canny operator. Ideally, when there are no geometric distortions present, this distance should be zero. Obtaining the 95% Hausdorff value ensures that the outliers are rejected.
RESULTS
Our technique was evaluated while treating 11 consecutive neurosurgery patients. The data were transferred, processed, and displayed in the operating room during the neurosurgical procedure. An example of an intraoperative MRI scan obtained after performing compensation for geometric distortion is presented in Figure 3 .
In Figure 4 , alignments among the preoperative DTI and the 3-T T1 MRI scan, the preoperative DTI and the intraoperative 0.5-T T1 MRI scan, and the preoperative DTI and the intraoperative 0.5-T T1 MRI scan after geometric correction are presented. In Figure 5 , alignments among the preoperative fMRI and 3-T T1 MRI scans, the preoperative fMRI and intraoperative 0.5-T T1 MRI scans, and the preoperative fMRI and intraoperative 0.5-T T1 MRI scans after geometric correction are presented.
The magnitude of the geometric distortion between the images acquired at 0.5 and 3 T is calculated before and after application of the distortion compensation technique using anatomic landmarks and the Hausdorff distance as computed between edges extracted from MRI scans using the Canny operator. Overall, the mean magnitude of the geometric distortion was 10.3 mm, with a minimum of 2.91 mm and a maximum of 21.5 mm. The accuracy for our geometric distortioncompensation algorithm, measured based on the 95% Hausdorff distance, was 1.93 mm.
There was a statistically significant difference between the accuracy of the alignment of pre-and intraoperative images with and without the compensation of geometric distortion (P Ͻ 0.0004). The complete results are presented in Table 1 . The registration results have also been reviewed by a team of neurosurgeons from our department and were judged to be adequate.
On a Dell Precision 690n computer (Dell, Round Rock, TX) with four Intel Xeon 5160 processor cores (Intel, Santa Clara, CA) running at 3.0 GHz, execution time is approximately 18 minutes. Additional reductions in computation time are possible if more computers are used. 
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In addition to assessing the geometric distortion, we have also measured the magnitude of brain deformation that results from tumor resection. The maximum image deformation resulting from both brain shift and geometric distortion was determined to be 21.3 mm. We have previously described in detail our approach to brain-shift quantification (1) . Illustrative images of compensation for geometric distortion and brain shift are presented in Figure 6 .
We also used a General Electric calibration phantom to measure geometric distortion. The phantom was scanned using the same protocol as applied for the neurosurgery patients. Both 3-and 0.5-T images were acquired. Additionally, we scanned the same phantom with a computed tomographic (CT) scan. The disagreement was quantified and represents geometric distortion. The maximum displacement measured with the phantom between the CT scan and the 0.5-T MRI scan was 5 m, and between the CT and the 3-T MRI, it was 1 mm. Results are illustrated in Figure 7 .
DISCUSSION
Machine-induced MRI distortions have been intensively studied, and several methods to correct them have been proposed. However, patient-induced geometric distortion has received less attention in the context of image-guided neurosurgery.
We identified geometric distortion between preoperative 3-T MRI scans and intraoperative 0.5-T MRI scans. Computed tomography provides images with less geometric distortion. However, the present clinical protocol at our institution does not include any CT imaging for brain neurosurgery at the iMRI. Nevertheless, in our study, we demonstrate that we can improve the accuracy for neurosurgical navigation by compensating for geometric distortion of iMRI. Because our 0.5-T iMRI scanner is only for clinical use, we were unable to scan animals or cadavers.
Instead, we obtained 3-and 0.5-T MRI and CT scans of a General Electric calibration phantom. We measured the differences between these images. Although computed tomography reproduces accurately the geometry of the phantom, we identified differences on 3-and 0.5-T MRI scans. The distortion present on the 0.5-T MRI scan is larger than on the 3-T MRI scan (5 versus 1 mm). Also, based on the anatomic features of the brain MRI scans, qualitative assessment indicates that 3-T images are less distorted than 0.5-T images. Moreover, the 3-T images have higher resolution than the 0.5-T images. Therefore, in our study, we consider the 3-T images as the reference, and modify the geometry of the intraoperative 0.5-T images.
We use the phrase "intraoperative imaging" to describe all imaging performed on the 0.5-T MRI machine, and "preoperative imaging" to describe data acquired to plan the surgery using the 3.0-T MRI machine. These two scanners have different geometric distortion properties, with the 0.5-T MRI scanner having the largest distortion, which must be removed for accurate intraoperative navigation. This distortion can change across the course of the surgery as a result of the craniotomy, but after craniotomy, we also see significant soft-tissue deformation. Our focus here is on compensation for the geometric distortion.
The geometric distortion associated with intraoperative MRI acquisition is a common problem for all existing open-MRI scanners. It is a consequence of both properties of the patient, such as magnetic susceptibility changes resulting from craniotomy, and properties of the magnet design, such as the homogeneity of the static magnetic field. When using an open-magnet design, obtaining a large region of homogeneous, static, magnetic field is a challenging task. For instance, Petersch et al. used was a Siemens Magnetom Open Viva 0.2-T resistive MRI scanner (New York, NY). The clinical application was radiotherapy treatment of prostate cancer. There are many sources of geometric distortion in magnetic resonance imaging, all of which contribute by fundamentally disrupting the assumption of linear encoding of position in space using frequency and phase encoding in MRI scans. Here, we are concerned with identifying, measuring, and compensating for this geometric distortion.
Geometric distortion is present as a result of properties of the scanner; it is subject to and impacts all of the data acquired, even before craniotomy is performed. Soft-tissue deformation such as brain shift occurs only after craniotomy and exists in addition to geometric distortion.
Our group has already presented results regarding image registration for brain-shift compensation, for instance, in studies by Nabavi et al. (22) or more recently, by Ruiz-Alzola et al. (27) , Clatz et al. (8) , and Archip et al. (1) . In the present study, we only focus on the distortion in the images before soft-tissue deformation occurs.
In our study, we measured distortions as large as 21.3 mm. Therefore, for accurate navigation in neurosurgery and even for data fusion restricted to rigid-body transformation, compensation for this geometric distortion is essential.
In this report, we propose a solution to address these distortions using a nonrigid registration scheme. A robust, accurate, and sufficiently rapid nonrigid registration algorithm was used to compensate for geometric distortion. For each patient, we were able to successfully correct the geometric distortion. A clinically compatible execution time was achieved by using parallel computing and by performing key image-processing steps before the surgery.
CONCLUSION
The major contributions of this study are identification of geometric distortion of intraoperative 0.5-T images as compared with preoperative 3-T images, measurement of the size of the geometric distortion, application of nonrigid registration to compensate for geometric distortion during neurosurgery, measurement of the residual distortion after geometric distortion correction, and phantom study to quantify geometric distortion.
As clearly demonstrated, after we applied our correction method, the residual geometric distortion apparent in the corrected images was negligibly small for all patients studied. The introduced technology combined with an advanced neurosurgery navigation system enables the use of high-accuracy navigation with preoperative DTI and fMRI scans during tumor resection. 
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kind of advanced navigation, even combined with intraoperative imaging, is prone to errors owing to the registration process itself and to varying spatial distortion of the original data from each modality. Archip et al. present a sophisticated approach to deal with this problem by application of a nonrigid registration algorithm to compensate for the geometric distortion. Their challenge was to register various preoperative 3-T data with their intraoperative 0.5-T data. The 0.5-T data seemed to be most distortion vulnerable, which might be a problem of mid-and low-field magnetic resonance scanners in general. The study focuses on the comparison with 0.5-T intraoperative data, which were acquired before craniotomy. These distortions have to be separated from the effects of intraoperative imaging per se caused by intraoperative events such as brain shift and effects due to the air-brain interface during actual intraoperative imaging.
The solution presented allows integration of multimodality data that were acquired with different magnetic resonance scanners in the intraoperative setting with reliable accuracy by compensating for the distortion effects of the 0.5-T magnetic resonance scanner.
An alternative approach to circumvent this problem is to acquire all different data with the same scanner, preferably in the same setting, so that the patient's individual effects remain the same. In our setup of intraoperative high-field magnetic resonance imaging (MRI) applying a 1.5-T scanner, functional MRI (fMRI), diffusion tensor imaging (DTI), and magnetic resonance spectroscopy are all performed with the same machine. Imaging after head fixation before surgery is repeated intraoperatively after resection of a tumor to evaluate the extent of resection and to visualize shifted major white matter tracts with intraoperative fiber tracking. A side-by-side display of the identical pre-and intraoperative images, which were measured at the identical slice positions, greatly facilitates image interpretation and reduces the intraoperative time needed for advanced registration algorithms. Nevertheless, nonlinear registration of preoperative data with intraoperative images is an important tool. When preoperative data cannot be obtained easily during surgery, the approach presented allows registering them reliably with intraoperative images.
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